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Summary
The flow regime is a primary factor controlling the health of streams and rivers; thus, understanding the degree to which anthropogenic activities have altered flows is critical for assessing risk to riverdependent biota and for developing effective conservation strategies. Assessing flow alteration requires measurements of existing conditions and estimates of flows expected in the absence of human influence. Although there are several techniques to predict flows in streams and rivers, none have been applied to make predictions of natural flow conditions over large regions and time periods. Here we utilize machine learning statistical models to predict natural monthly flows in California from 1950 to 2015, using time-dependent and fixed watershed variables from reference stream gages. The models are then used to make estimates of mean, maximum, and minimum monthly flows in all stream flows in the state. We also compare expected natural flows with observed flows, measured at 540 stream gages across the state, to quantify the magnitude and character of flow alteration. A gage is considered altered if an observed flow metric falls outside the 90% prediction interval of the modeled flow estimate. We found that 90% of the 540 stream gages in California had at least one month of altered flows over the last 20 years (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) , and 12% of the gages were frequently altered, for which over ⅔ of the months recorded had evidence of altered flows. The type of alteration varied across the state with flows being either depleted, inflated, or a mix of both at different times of the year. High flows (measured as the maximum daily flow for the year) were consistently depleted in the Sierra Nevada and Central Valley, whereas low flows were generally inflated in the South Coast. Understanding the patterns and degree of alteration can aid in prioritizing streams for environmental flow assessment and developing conservation strategies for native freshwater biota.
NOTE: This paper is currently in revision for submission to Freshwater Biology.
The following excerpts are relevant to the unimpaired flow modeling, but do not represent the entire paper or the finished manuscript.
Introduction
The importance of the natural flow regime to stream and river health has received growing attention over the last two decades. Quantifying natural river flows has become an essential component of water resource planning, including assessments of water supplies (Vicuna et al. 2007; Wurbs 2005) , reservoir operations (Hejazi, Cai, and Ruddell 2008) , and drought risk (Meko et al. 2001) . Understanding the natural flow regime is also crucial for managing stream ecosystems. Many studies have demonstrated that alterations of the natural flow regime are associated with changes in biological assemblages (Pringle, Freeman, and Freeman 2000; N. L. Poff and Zimmerman 2010; Miller, Wooster, and Li 2007) and altered hydrology is one of the dominant factors reported to affect the composition and health of aquatic species (Moyle and Mount 2007; Brown and Bauer 2010; N. L. Poff and Zimmerman 2010; Roy et al. 2005; Konrad, Brasher, and May 2008; Brooks et al. 2011) . Managing river flows in a manner that preserves features of the natural hydrograph is thought to be essential for the long-term maintenance of river ecosystem health(N. Leroy Poff et al. 2010; Arthington et al. 2006; N. Leroy Poff et al. 1997; Yarnell et al. 2015) [JKH1] , and can also sustain benefits to society, such as water supply and hydroelectric power (Arthington et al. 2006; N. Leroy Poff et al. 2010 ).
The flow regimes of streams in mediterranean-climate regions such as California are characterized by particularly high seasonal and inter-annual variability (Gasith and Resh 1999) . In fact, California has higher variability between wet and dry years than any other state in the USA, due to a small number of winter storms providing the bulk of the state's precipitation (Dettinger 2011) . California is also characterized by strong spatial gradients in water availability -approximately 90% of the state's runoff comes from 40% of its land surface, predominately in the northern region and mountainous Sierra Nevada region to the east (Hanak 2011) . California has managed this hydrologic variability with extensive water infrastructure that reduces temporal and spatial variation in water availability (Kondolf and Batalla 2005; Dettinger 2011 ). Operations of water infrastructure and human use of water has resulted in decreased variability in flows for many of California's rivers and streams (Kondolf and Batalla 2005) ; including both a reduction in high-magnitude flows and an increase in low-season flows in many rivers.
[JKH2] The water management system has also intensified the effects of drought, by artificially reducing flows below that would be expected under natural conditions (He et al. 2017) . Collectively, alteration to natural streamflow patterns has been documented to have negative effects on California's aquatic biota, and there is evidence that restoring components of natural hydrology can provide substantial ecological benefits (Kiernan, Moyle, and Crain 2012; Brown and Ford 2002; Kupferberg et al. 2012 ).
Managing streamflows for ecosystems objectives requires an understanding of the natural flow regime, the current (altered) flow regime, and an estimate of how much of a departure from the natural flow regime is acceptable for a set of ecological indicators (Carlisle, Wolock, and Meador 2011; Carlisle et al. 2010; Falcone et al. 2010) . However, natural flow data are limited. The network of stream gages across the state is sparse in many areas and does not comprehensively represent all stream types (Lane et al. 2017) . Most gages are located on streams that are already highly modified by human activities (e.g., upstream dams and diversions) and gage records prior to stream impacts are often limited. These limitations can be overcome using modeling approaches to make predictions of "expected" natural hydrologic conditions. For example, statistical models have been developed to predict monthly flow metrics (hereafter, "flow metrics") based on associations with natural basin characteristics (Carlisle et al. 2016 . Monthly streamflow attributes are straight-forward to communicate in management contexts (Kendy, Apse, and Blann 2012) , and have been shown to be ecologically relevant (Carlisle, Nelson, and May 2016a).
To better understand natural/unimpaired conditions, we developed flow models to predict monthly natural flows for all California streams from 1950 to 2015. We expanded on an initial effort to model natural flows (Carlisle et al. 2016 ) to include additional reference gages, improve spatial coverage, and add flow metrics, including mean, minimum, and maximum monthly flows. Our objectives were to: (1) quantify natural flow regimes for California streams by modeling monthly unimpaired flow statistics for all streams and rivers, gaged and ungaged, (2) assess the likelihood/frequency of hydrologic alteration for watersheds with gages using modeled natural and observed flow metrics; (3) identify the dominant type of alteration by hydrologic region.
Methods

Study area
We developed predictive models of natural flows (i.e., without the effects of water management or land use) for all stream segments in California. We followed the approach of Carlisle et al.(2016) River, Tulare Lake, and Colorado River.
General Modeling Approach
Reference sites are located in river basins that are hydrologically "least disturbed"(sensu Stoddard et al. 2006) , and were identified using distinct approaches. The first approach relied on a published database of USGS streamgage watershed attributes ) that contains designations of leastdisturbed sites. Those sites were identified through a 3-step screening process, described in detail by Falcone et al. (2010) , and summarized here. In step 1, hydrologic disturbance is estimated for each gaged basin using an index that combines several geospatially derived indicators, including total upstream reservoir storage, freshwater withdrawal, pollution discharge, and land cover. Gaged basins are then ranked on the value of this index, and only those within the lower 25th percentile are considered as candidates for reference sites(see Falcone et al. 2010 for details of calculations). In step 2, annual data reports for each gaging station are inspected for any notation indicating anthropogenic streamflow modification results in the designation of the site as "non-reference". In step 3, the land use within each basin upstream of the gage site is visually inspected. Publicly available satellite imagery and USGS topographic maps are examined for any indication of human activity with the potential to modify streamflows, such as diversions, irrigated agriculture, and wastewater inflows in close proximity to the stream gage. Of the reference gages identified by Falcone et al. (2010) through the 3-step screening process, 146 were located within our study area.
To increase the number and spatial density of reference sites for this study, we used two additional screening approaches. First, we identified 548 USGS gaging sites in California that had been excluded from the 3-step reference-site screening efforts described above ) because the period of streamflow record was < 20 years. Because contemporaneous land cover and hydrologic data are unavailable for most of these sites (i.e., pre 1980s), we modified the GIS-based screening step (step 1) used by Falcone et al. (2010) exclude sites that had experienced any increases in urbanization or agricultural land cover between 1974 (Falcone 2015 . For the remaining gages, we applied the Falcone et al. (2010) screening steps 2 and 3, as described above. This approach yielded 45 new reference sites (11-yr average length of flow record post 1950, minimum 5 yrs) in the study area.
We then considered gages in California that had been classified as non-reference (n=641) by , but contained periods of flow record that preceded substantial anthropogenic influences.
USGS published annual data reports (i.e., Falcone et al. 2010 step 2 above) and data inventories were examined to determine whether periods of record existed prior to discrete (e.g., reservoir construction) or recent (e.g., urbanization) anthropogenic influences. This final screening process yielded 59 additional reference sites (25-yr average length of record post 1950).
In total, 250 reference sites were identified within the study area, including those previously identified by Falcone et al.(2010) (n=146) and those added according to the methods described above (n=104) (Figure 1 ). For each of these reference sites, we obtained observed monthly streamflow statistics, 
Evaluating Representativeness of Reference Sites
We evaluated how environmentally representative the reference gaged basins were with respect to non-reference gaged basins and the population of stream basins in California (as defined by NHD).
Three basin variables known to be important predictors ) of flows (basin size, mean annual precipitation, aridity--defined as the difference between mean annual precipitation and mean annual potential evapotranspiration) were selected and their distributions compared among gaged reference sites, gaged non-reference sites, and the basins of all stream segments of the NHDPlus (V2) network [JKH2] (ADD NHDPlus REFERENCE HERE). We also compared the distributions of three variables indicative of human disturbance: reservoir storage volume, cultivated land cover, urban land cover.
Significant overlap in the distributions of these variables among gaged sites and all stream segments suggests that models developed at gaged reference sites could reasonably be applied to gaged nonreference sites, as well as to the entire California stream network.
Two limitations to the comparisons of basin characteristics were imposed. First, the comparisons were limited to non-gaged basins similar in size to those of gaged basins (Table 1 ). This resulted in the exclusion of many small headwater stream segments that are present in the stream network but are not represented in the stream gaging network.
Modeling Baseline Conditions
Separate statistical models were developed to predict monthly streamflow statistics in each of the three model regions (i.e., 12 months x 3 monthly statistics x 3 regions = 108 models). We considered a broad set of predictor variables for potential inclusion in the models, including 113 static, physical watershed characteristics described in Carlisle et al.(2016) Table XX) . Model training followed procedures described by (Carlisle et al. 2016 ) using random forests (RF) (Cutler et al. 2007 ), an aggregated tree-based (e.g. classification and regression trees) statistical modeling approach (Hill, Hawkins, and Carlisle 2013; Olson and Hawkins 2013) . The first step in model training was to restrict the number of predictor variables. To do so, we ran each model 40 times, each using a different, randomly-selected subset (90%) of the reference sites and recorded the relative importance of all predictor variables, based on their Gini score (Cutler et al. 2007) . Predictors with the highest score are those that when excluded from the models, cause the largest loss in of model performance, as measured by a decrease in mean square error. For each model run, the top-15 ranked predictors were recorded and the resulting list from the 40 iterations (typically 10-20 total predictors) was used in the final model. This approach to predictor selection has the advantage of being objective and robust (due to measuring variable importance on different subsets of the calibration data), but still required an arbitrary decision to consider only the top 15 (vs. 5 or 10) predictors of each RF model, and may still not have identified the most parsimonious set of predictors (e.g., Stroble and others, 2007) . Nevertheless, given the general robustness of RF to overfitting (Kuhn and Johnson 2013) and the large numbers of observations in calibration sets, the approach balances the risk of overfitting with obtaining the best predictive performance for the models as possible. All models were developed using the Random Forest package (Liaw, 2015) within the R computing environment (R Core Team 2016).
Model Performance
Final RF models were fit with the restricted set of predictors and performance was again assessed by generating 40 randomly selected calibration (90% of reference sites sampled, without replacement) and validation (10% of reference sites) datasets, using several model performance statistics (Moriasi et al. 2007 ). These included the squared correlation coefficient (r 2 ) between observed and predicted monthly flows and the Nash-Sutcliffe coefficient of model efficiency (NSE), which measures the total residual variance (that is, generated from model predictions) relative to the total variance within the data. NSE is an indicator of how well observed and predicted data would fit on a 1:1 line. Similar to the squared correlation coefficient, NSE values near 1.0 are generally accepted as indicative of good model performance. We also computed percent bias (PBIAS), which estimates the model's tendency to over predict (PBIAS>0) or under predict (PBIAS<0), and the root mean square error normalized by the standard deviation of all observations, which is a standardized measure of model error. Finally, summary statistics for each validation site were calculated, including the mean (among years) ratio of observed and predicted flow (i.e., O/E), and the associated standard deviation. Computation of O/E for model performance statistics were made after adding a constant to both O and E to avoid zeros. All model performance statistics were averaged across the 40 iterations of the validation models.
Using the final, trained models, predictions of natural monthly flow statistics for each month and year were made at each NHD stream segment(Horizon Systems 2015) within the boundaries of CA (n=139,912) for which the same set of static physical and climate variables used in model development were calculated. Each RF model was composed of 1,000 trees, each of which generates a prediction for the respective monthly flow statistic. We calculated the mean value of the predictions, as well as the 10 th and 90 th percentile files to represent lower-and upper-confidence bounds for the flow statistic in each month and year.
Results
Unimpaired flow models
Overall, the natural flow models accurately predicted observed monthly flows at reference sites, although performance varied by region and flow statistic (see Table S1 in Supporting Information).
Across all models, reference sites withheld for validation exhibited mean O/E values from 0.73 to 1.03
(median = 0.94); r-squared of observed and predicted values ranged from 0.33 to 0.94 (median = 0.80);
and percent bias ranged from -80 to 9 (median = -3). In general, models for the interior mountains and coastal mountains performed better than those for the xeric region, and models for minimum and mean monthly flows performed better than those for maximum monthly flows. For information on how to access the full database of unimpaired flow data, see Text S1 in Supporting Information.
With some exceptions, natural environmental features of the watersheds of reference basins were similar to those of non-reference (i.e., hydrologically disturbed) watersheds, as well as features of the stream network as a whole (Table 1) . With respect to drainage area, reference watersheds had a similar range of size as non-reference and the NHD. However, most watersheds in the NHD are much smaller (even after removing basins < 1km2) than gaged sites, as evidenced by a median size ~20x smaller than that of reference and non-reference gaged watersheds. The distribution of mean annual precipitation was generally similar among reference, non-reference, and the NHD. In contrast, reference and nonreference sites had similar levels of aridity, but both types of basins tended to be much less arid than the NHD. These results indicate that arid basins are underrepresented in the streamgaging network of California, and that our flow predictions for the NHD network in arid areas should be interpreted with caution. Nevertheless, given the low likelihood that additional stream gages will be installed in arid areas, our predictions represent the best available estimates of natural flows for the time being. Supporting Information Figure S1 . Regions used for statistical model development. These regions are based on groupings of the U.S. Environmental Protection Agency Level 3 ecoregion. Table S1 . Performance statistics of models predicting natural maximum, mean, and minimum monthly flows in California regions.
Tables
Text S1. Online Data Repository and Visualization.
Due to space limitations, we were unable to provide figures of hydrographs for all stream gages in California. Instead, we built an online interactive visualization that allows a user to select one or several stream gages and see the corresponding hydrograph of observed and expected flows overtime. The
URLs for the online visualizations are here:
Mean monthly flows: https://public.tableau.com/views/California_Stream_Flow_Alteration/mean Maxium and minimum annual flows:
https://public.tableau.com/views/California_Stream_Timing_Alteration/minmax
We have also uploaded the full dataset of observed flows for all stream gages, and expected flows for all stream segments in California. This database is too large to download in its entirety, so we have built an application programming interface (API) to access the data. For the full documentation and examples of how to access the data through the API, visit this URL: https://rivers.codefornature.org
